A commercial electronic tongue (ET) with specific sensors was applied on taste distinction and physicochemical characterization of seven kinds of sweet sauces. The response signals of ET sensors were analyzed by Principal Component Analysis (PCA) and Discriminant Factor Analysis (DFA). Meanwhile, these signals were transformed into the four relative taste scores (sourness, saltiness, umami and sweetness) by macro operation, followed by comparing with the corresponding four physiochemical indexes (total acids, sodium chloride, amino nitrogen and reducing sugars) which were determined by the methods in GB/T. The results show that ET can be used to distinguish different kinds of sweet sauces according to overall taste. Moreover, the intensity order of taste scores that obtained from ET is basically matched with the sequence of the corresponding physicochemical indexes, which proves that ET technique can be an effective approach to monitor and guarantee the quality of sweet sauce on line.
Introduction
Over thousands of years, Chinese people have utilized microorganisms to convert various food raw materials into fermented products, such as soy sauce, sufu, vinegar, rice wines, fermented vegetables and meat products [1] . As one of traditional popular Chinese fermented foods, sweet sauce (also named sweet flour paste) is primarily made with Aspergillus oryzae and flour as the basic ingredient. During the fermentation, starch of flour is decomposed into maltose and glucose responsible for the sweet taste in sauce, and proteins degrade into amino acids which provide umami taste. Besides, sweet sauce usually has slight saltiness and sourness taste owing to salt and organic acids in it [2] . However, due to differences of fermentation process in traditional methods, the quality of sweet sauce is unstable and the products vary with many factors, such as seasonal changes, geographical influence. To guarantee the quality of sweet sauce, an effective method needs to be established to evaluate the taste of sweet sauce objectively. In this study, the electronic tongue technique was utilized to analyze sweet sauce in order to establishing a quick and objective evaluation method.
The current researches on sweet sauce have been mainly focused on the optimization of production technology [3, 4] and component analysis [5, 6] , and few work was done relating to the evaluation of the taste by the ET with specific sensors.
Traditional food analysis methods, including high-pressure liquid chromatography (HPLC), gas chromatography (GC) and other instrumental techniques, require laborious and time-consuming sample preparation, as well as technicians to operate these apparatuses [7] . However, electronic tongue doesn't have these drawbacks, which proves to be a good alternative to traditional chromatographic techniques in food analysis. In addition, comparing the ET detection limit with human sensory thresholds (Table 1) , the former has lower thresholds and higher sensitivity. So far, many successful applications of ET have been reported during the last decades for discrimination and classification, quality evaluation and control, process monitoring and quantitative analysis of various foodstuff and beverages [8] [9] [10] [11] . An array of chemical sensors is the main assembly in ET, and different sensors have different sensitivity and selectivity for diverse components in liquids. Though various ETs are applied on qualitative and quantitative analysis of foods, almost all of ET systems utilize an array of non-specific chemical sensors with a high cross-sensitivity, and few researches on detection of certain kinds of taste with specific sensors have been reported up to date.
The purpose of this paper was to study the application of a commercially available electronic tongue (AETREE, Alpha M.O.S.) on both rapid qualitative discrimination and relative quantitative taste measurement of sweet sauces.
Materials and Methods
Materials. Seven different samples of fermented sweet sauces from four companies were purchased from the local market. The samples were stored at room temperatures (+25 ) until analysis. The list of the samples was shown in Table 2 . Fig.1 ). The sensor kit is composed of seven liquid sensors, including sensors SRS, GPS, STS, UMS, SPS, SWS and BRS, also called specific sensors. It is worth mentioning that among these sensors, only three sensors (SRS, STS, UWS) show absolutely unique response to sourness, saltiness and umami, respectively. That means the relative information of these three taste attributes can be provided directly, and other taste attributes should be detected with a defined methodology based on well-known standard addition methodology. The data of ASTREE ET were gathered and stored with the Astree II software (Version 12.0., Alpha M.O.S.). At the same time the acquired data were transformed into a relative scale of taste attribute intensity from 0 (the lowest intensity) to 12 (the highest intensity) after a macro operation that developed by Alpha M.O.S.
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Fig. 1 Schematic diagram of Astree electronic tongue system
Standards and Reagents. Chemicals and solvents used in this study involved formaldehyde (37%), anhydrous copper sulfate (99%), potassium sodium tartrate (99%), potassium ferrocyanide (99.5%), methylene blue (98.5%), sodium hydroxide (96%), glucose (99%), potassium chromate (99.5%), which were purchased from Sinopharm Chemical Reagent Co., Ltd (Beijing, China). The standard solution of silver nitrate solution (C=0.1009mol/L) and sodium hydroxide (C=0.1005 mol/L) were purchased from China National Chemical Reagents Supervision and Inspection Center (Beijing, China).
Determination of Physicochemical Indexes. The content of total acids, amino nitrogen, sodium chloride and reducing sugars were determined as four physicochemical indexes of sweet sauce according to the methods described in GB/T 5009.40-2003, GB/T 5009.7-2008. Each physicochemical index was independently measured three times.
ET Analysis. Each sample of sweet sauce (5.00g) was homogenized with 50 mL distilled water, and then the solution was transferred into 100mL volumetric flask, filling with distilled water to 100 mL. The mixture was filtered with quantitative filter paper, and the filtrate was reserved to be analyzed by ET. Sourness, saltiness and umami of sweet sauces could be directly measured by ET. An additional standard substance for the measurement of sweet taste was required because there was no specific sensor responding to it. In this study, glucose was used as the additional standard substance since it is the main chemical responsible for the sweet taste of sauce samples. Sample No.1 was selected as the matrix to be added different weight of glucose to prepare a series of solution with a concentration gradient. The demanded amount of glucose was weighed to put in five numbered beaker respectively as described in Table 3 , then 25 mL of sample No.1 solution was added to each beaker to dissolve glucose. Deionized water was used as the washing solution to clean ET after each analysis to avoid cross contamination. All beakers were arranged on the sampling panel to be analyzed, following the sequence built in Table 3 . Before sample measurement, the ASTREE ET need pass a series of procedures, including auto-checking, conditioning, calibration and diagnose, to ensure the reliability and stability of collecting data. The analytical conditions of ASTREE ET were listed in Table 4 . We chose the response signals of sensors at the first 120s as the final measured data to output. The pre-experiment showed that the response intensity fluctuated at the beginning of the sensor measurements and then stabilized after detecting three or four times. Therefore, we took the last three measurements of each sample as the raw data for further analysis by principal component analysis (PCA) and discriminant factor analysis (DFA). Meanwhile, these multivariate data were quantized into the relative taste scores by the macro operation. All the data processing was accomplished with Astree II software.
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Results and Discussion
Data Processing of ET. The last 3 response signal values were used to calculate the standard deviation (SD) and relative standard deviation (RSD), and the results were listed in Table 5 . The data in Table 6 showed that the data derived from sensor BRS were unreliable as its SD was much larger than others. Hence, the data of sensor BRS were abandoned to guarantee the veracity of experiments. Principal Component Analysis (PCA). Principal Component Analysis is a universal dimension reduction method that can describe the original information by transforming the multivariate signal into a few independent integrated indexes and then linear classifying these eigenvectors [12] . At last, the easy-to-understand 2-dimensional (2-D) or 3-dimensional (3-D) graphs can be shown on the PCA scatter chart. In these new integrated indexes, the indicator that has the largest contribution rate of variance will be taken as the first principal component (PC 1), and the secondary large one will be treated as the second principal component (PC 2), and so on. These selected two or three PCs can indicate the original information of samples only when their cumulative contribution rate reaches over 85%.
The results of PCA were displayed in Fig. 2 according to the data of sensors response signals of seven sweet sauces detected by ET. This 2-D graph showed that the cumulative variance contribution rate of PC 1 and PC 2 was 92.03% (> 85%), which indicated that PC 1 and PC 2 possessed enough information to reflect the overall information of the seven kinds of samples. The Discrimination Index (DI) obtained after PCA processing is the main indicator of judgment whether the ET can efficiently distinguish the samples. Generally, it is considered that the samples got well differentiated when the DI is more than 80. In Fig. 2 , the three dots of each sample (representing three parallel test data) had a low dispersion, and there was no interference between different samples. What's more, the DI was up to 95, these all indicated ET could efficiently distinguish seven different sweet sauces as the circles showed in the figure. Discriminant Factor Analysis (DFA). Discriminant Factor Analysis (DFA) is a classification method by recombination of sensors data for a better distinction. It uses a set of independent variables to separate cases based on groups which are subjectively defined in advance. By this analysis, it can get maximum distance between each two groups, while ensuring the recognition of minimal differences within the group, so that the pair-wise groups have the farthest core distance. It can be used for qualitative discriminant analysis [13] . As same as PCA, the first discriminant function (DF1) and the second discriminant function (DF 2) can be provided to validly describe the integral information of samples when their cumulative variance contribution rate is over 85%.
Similarly, we applied DFA to the different samples data collected from the ET sensors. The results were shown in Fig. 3 . From this figure, we can found that the cumulative contribution rate of DF 1 and DF 2 is 98.4%, which is good enough to reflect the raw information. Comparing Fig.2 with Fig.3 , we can find that the four separate groups which represented four different companies' products were distinguished distinctly in both figures. For example, group B was located on the positive side of X-axis, while other groups were situated on the negative side. In the case of single sample, the dots of sample No.1, No.2 and No.7 were all far away from the others, locating to the periphery of the gridlines in two diagrams, which mean these three samples have significant difference with other samples in taste. Besides, the cumulative contribution rate of variance in DFA figure was higher than PCA, so it could show larger information content, while the less dispersion of three dots of the same sample indicated the more centralized distribution. Although both two analysis methods could efficiently discriminate seven sweet sauces, DFA showed more advantages on the capability to distinguish samples, partly because PCA represents the maximum difference of the entire data set, and it needs no priori knowledge. On the contrary, DFA is given a priori knowledge that the grouping case has been known in advance, and then it optimizes the data for the maximum distance between groups and the smallest difference in one same group.
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Interrelation analysis between ET data and physicochemical indexes. The mean values and standard deviation of three parallel determinations of four physicochemical indexes were shown in Table 6 . Table 6 The results of measuring four physicochemical indexes of sweet sauces Sample After the macro operation the acquired multivariate data were quantized into the relative taste scores for each main taste (sourness, saltiness, umami and sweetness) from 0 to 12. According to the User's Manual of Specific Sensor Array for Taste Screening( April 2010, Alpha M.O.S.), the data of all sensors should be exported and operated no matter how large their SD were, which mean the data of sensor BRS discarded in former analysis were also saved in this processing. The radar chart of taste scores from seven sensors data was seen as Fig. 4 . Fig. 4 The radar chart of taste scores from seven sensors data Meanwhile, the distribution of seven samples at figure axes of four specific tastes was shown in Fig. 5 , reflecting the intensity orders to make a visualized and relevant quantification. Ranked the seven samples based on the scores from macro operation and physicochemical indexes, then compared these two sequences( as shown in Table 7 ), the order of three physicochemical indexes, including the values of total acid, amino nitrogen and sodium chloride content, is in accord with the ranking of the scores representing sourness, umami and saltiness, respectively. For example, the ranking of total acid values among those seven sweet sauces from lowest to highest is 1-4-7-5-6-3-2, while the corresponding sequence of the sourness scores originated from ET is also 1-4-7-5-6-3-2. This indicates that the degree of sourness in sweet sauce mainly depends on the amount of total acid. So is the situation about the amount of amino nitrogen and sodium chloride, which varies in the same trend as umami and saltiness separately. However, the order of reducing sugar contents of sample No.2 and No.7 shows some conflicts with the ranking of their sweetness scores, which could be caused by the reasons as follows. Firstly, the physicochemical index of sugar content represents the amount of the reducing sugar, while the sweetness score reflects the relative sweetness of sweet sauce. There is no direct and linear positive correlation between the sugar amounts and its relative sweetness. Though glucose and maltose are the major reducing sugar in sweet sauce, they have different sweetness, for example, if sucrose sweetness is taken as 100, the relative sweetness of glucose is 74, while maltose gets 32~60. In addition, the proportion of these two sugars in different samples is also variable. So the total amounts of reducing sugar cannot reflect the degree of sweetness. Secondly, the dextrin from degraded starch also contributes to the sweetness, while it cannot be calculated in the amount of total reducing sugar. Thirdly, it cannot be excluded that some arificial additive has effects on the sweetness. In summary, it is noteworthy that these score ranking of diverse samples is a relative quantitative result, which is different from the absolute physicochemical indexes especially when the sample is a complex matrix. In other words, the relevant results of ET can describe the sample's relative intensity on some specific tastes, but not all tastes. Table 7 The rank comparison of phsicochemical indexes with taste scores Physicochemical Indexes Electronic Tongue Indexes Rank Tastes Rank Total Acids 1 < 4 < 7 < 5 < 6 <3 < 2 Sourness 1 < 4, 7 < 5, 3, 6 < 2 Amino Nitrogen 1 < 4 < 6, 5, 3 < 2 < 7 Umami 1 < 4 <3, 6 < 5, 2 < 7 Sodium Chloride 6 < 7 < 4 < 1 < 3 < 2 < 5 Saltiness 7, 6 < 4, 1 < 3 < 2 < 5
Reducing Sugars 1 < 5 < 6 < 2 < 4 < 3 < 7 Sweetness 1 < 7 < 5, 6, 4 < 3 < 2
Conclusion
Seven kinds of sweet sauces available on China market were evaluated by the ET with specific type sensors, and four chemical indexes of these sweet sauces were also determined. Applying PCA and DFA separately on the data acquired from ET, we can find that ET can efficiently distinguish those seven different sweet sauces, and DFA is superior in reflecting the overall taste of the samples.
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Further analysis of the data acquired from ET system was proceeded by designated macro operation, which transferred the response signal values to explainable relative quantized score model. Comparing the ranking differences of seven sweet sauces between the scores and the physicochemical indexes determined by the standard methods, it showed that the order of the scores reflecting sourness, saltiness, and umami, are identical with its corresponding physicochemical values, such as total acid, sodium chloride and amino nitrogen. While the sweetness score also showed the same trend as reducing sugar content generally, except sample No.2 and No.7.
So the ET system can not only give a reliable identification on the overall tastes, but can also be used to compare one or several specific tastes between different sweet sauces. Thus the sweet sauce can be evaluated automatically and specifically by the ET. Although the application of ET analysis on taste evaluation, especially in the full reflection of each specific taste, still need further optimization, it has many advantages over traditional sensory evaluation and physical-chemical determination, such as simplicity, real-time, quickness and good stability.
